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Abstract Quantifying the current carbon cycle of terrestrial ecosystems requires that we translate 23 spatially sparse measurements into consistent, gridded flux estimates at the regional scale. This is 24 particularly challenging in heterogeneous regions such as the northern forests of the United 25
States. We use a network of 17 eddy covariance flux towers deployed across the Upper Midwest 26 region of northern Wisconsin and Michigan and upscale flux observations from towers to the 27 regional scale. This region is densely instrumented and provides a unique test-bed for regional 28 upscaling. We develop a simple Diagnostic Carbon Flux Model (DCFM) and use flux 29 observations and a data assimilation approach to estimate the model parameters. We then use the 30 optimized model to produce gridded flux estimates across the region. We find that model 31 parameters vary not only across plant functional types (PFT) but also within a given PFT. Our 32 results show that the parameter estimates from a single site are not representative of the 33 parameter values of a given PFT; cross-site (or joint) optimization using observations from 34 multiple sites encompassing a range of site and climate conditions considerably improve the 35 representativeness and robustness of parameter estimates. Parameter variability within a PFT can 36 result in substantial variability in regional flux estimates. We also find that land cover 37 representation including land cover heterogeneity and the spatial resolution and accuracy of land 38 cover maps can lead to considerable uncertainty in regional flux estimates. In heterogeneous, 39 complex regions, detailed and accurate land cover maps are essential for accurate estimation of 40 regional fluxes. 41
Introduction 46
Terrestrial ecosystems play an important role in regulating atmospheric carbon dioxide 47 (CO 2 ) concentrations and the climate. Net ecosystem carbon exchange (NEE), the difference 48 between photosynthetic uptake and release of CO 2 by respiration from autotrophs (plants) and 49
heterotrophs (e.g., microbial decomposition), represents the net exchange of CO 2 between 50 terrestrial ecosystems and the atmosphere. Quantifying NEE over regions can improve our 51 understanding of the feedbacks between the terrestrial biosphere and the atmosphere. kilometers [Schmid, 1994] . To quantify the net exchange of CO 2 between the terrestrial 62 biosphere and the atmosphere, we need to upscale these observations from towers to regions 63 [Davis, 2008; Xiao et al., 2008] . 64 Significant progress has been made in upscaling flux observations from towers to 65 regional or continental scales during the last several years. Several different approaches have 66 been used for the upscaling of eddy flux observations, including machine learning approaches 67 covariance flux towers encompassing a wide range of ecosystem and climate types and wall-to-206 wall MODIS data streams using a data-driven approach [Xiao et al., 2008 [Xiao et al., , 2010 . We calculated 207 annual GPP and NEE from 8-day EC-MOD flux estimates for the ChEAS region over the period 208
2001-2006. 209

Methods 210
Model Framework 211
We developed a simple Diagnostic Carbon Flux Model (DCFM) for the estimation of 212 NEE. In our model, NEE is the difference of two carbon fluxes -gross primary productivity 213 (GPP) and ecosystem respiration (R e ): 214
where ε max is the maximum light use efficiency (LUE) (g C m -2 MJ -1 APAR), PAR is the incident 217 photosynthetically active radiation (MJ m -2 ) per time period (e.g., day or month), fPAR is the 218 fraction of PAR absorbed by vegetation canopies, W s is the water scalar, T s is the temperature 219 scalar, ' ref R is a parameter associated with the rate of respiration at the reference temperature, T ref 220
is the reference temperature, E 0 is an activation energy parameter that determines the temperature 221 sensitivity, and T 0 is a constant regression parameter. W s and T s represent the limiting effects of 222 water availability and temperature on GPP, respectively, and both scalars vary from 0 to 1. T ref is 223 set to 10°C, and T 0 is kept constant at -46.02°C as in Lloyd & Taylor [1994] . Negative NEE 224 values denote carbon uptake, while positive values denote carbon release to the atmosphere. 225
We used a LUE approach to estimate GPP. The LUE or "radiation use efficiency" logic is 226 one of the most frequently applied concepts for modeling GPP [e.g., Prince and Goward, 1995; Monteith [1972 Monteith [ , 1977 
where α and β are empirical constants. 238
We used the normalized difference water index (NDWI) [Gao, 1996] Disturbance is an important factor controlling the sizes of forest carbon pools and the 277 quantity of litterfall. The legacy of disturbance thus affects heterotrophic respiration of forest 278 ecosystems. In our simple diagnostic model, we use aboveground biomass to account for the 279 spatial variability of respiration over space within a given PFT. However, aboveground biomass 280 cannot account for the pools of litterfall and soil carbon. We thus conducted an experiment by 281 adding stand age as an additional variable for the estimation of R e to examine the effects of 282 disturbance legacy on the estimation of R e and NEE. For forests, the modified model for this 283 experiment can be written as: 284
where Age is stand age in years. This modified model was only used to examine whether the 287 addition of stand age can improve the performance of the model.parameters of DCFM. DE is a stochastic, population-based optimization algorithm. One key 291 advantage of DE is that it seeks the global minimum of a multidimensional and multimodal (i.e., 292 exhibiting more than one minimum) function relatively fast and with high reliability. We used 293 the DEoptim package [Ardia, 2009] For each PFT, we conducted cross-site (or joint) optimization using eddy flux 306 observations from all sites within the PFT. The resulting model parameters were used for the 307 estimation of regional carbon fluxes. We also conducted leave-one-out model optimization for 308 each forest PFT to examine the performance of the model and to examine how model parameters 309 vary across sites within a PFT. For each PFT, one site was excluded at a time and data from all 310 other sites within the PFT were used to estimate the parameters. 311 disturbance effects (equation 7). We examined whether the addition of stand age can improve the 313 performance of the model. This modified model was not applied to the region to create regional 314 flux estimates because there is no spatially explicit information on stand age available for the 315 region to date. 316
Regional Flux Prediction 317
We applied the optimized model to the study region to produce regional flux estimates. 318
To reduce the computational complexity of the spatial prediction, the 30m-NLCD ( Figure 2a To examine the influence of land cover representation on regional flux estimates, we also 325 used 1km-NLCD ( Figure 2b ) and 1km-MODIS (Figure 2c ) to specify the PFT of each pixel and 326 produce continuous estimates of carbon fluxes for the region, respectively. We then examined 327 how land cover representation including land cover heterogeneity and the spatial resolution and 328 accuracy of land cover maps affect regional flux estimates. 329
To examine the influence of parameter variability on regional flux estimates, we also 330 used parameter estimates resulting from leave-one-out model optimizations to produce regional 331 estimates of carbon fluxes. That is, we estimated model parameters for each PFT multiple times 332 by removing one site at a time from the collection of flux towers within that PFT, and then 333 conducted multiple model simulations for evergreen forests, deciduous forests, and mixed forests 334 using the multiple sets of parameter values. 335
Results 336
Parameter Estimation and Variability 337
The estimated parameter values are given in Table 3 . The parameter behaviors generally 338 fell into two categories: well-constrained or edge-hitting. Well-constrained parameters exhibited 339 optimal values within the range of their initial values. All parameters for mixed forests, 340 shrublands, and woody wetlands and most parameters for other PFTs fell into this category. 341
Three parameters, γ, λ, and E 0 , were well constrained for all PFTs. The remaining parameters, 342 ε max , α, β, and The leave-one-out model optimization showed that parameter values varied not only 362 across PFTs but also across sites within a given PFT (Table 4) . For each PFT, one site was 363 excluded at a time and data from all other sites within the PFT were used to estimate the 364 parameters; the optimized model was then used to predict NEE for the site excluded. variability than our estimate and EC-MOD. The spatial patterns of our estimate and EC-MODslightly higher GPP than EC-MOD; for mixed forests and other PFTs, our estimate had lower 404 GPP than EC-MOD. We also compared our annual NEE with EC-MOD NEE ( Figure 5 ). Similar 405 to GPP, the spatial patterns of annual NEE generally agreed with each other. In the North of the 406 study region, both estimates exhibited large carbon uptake with annual NEE of approximately -407 300 g C m -2 yr -1 . In the southern portion of the region, however, our estimate showed that 408 ecosystems were nearly carbon neutral, while EC-MOD showed large carbon uptake with annual 409
NEE of approximately -300 g C m -2 yr -1 . Both estimates showed that other areas were nearly 410 carbon neutral or released carbon into the atmosphere. 411
We calculated the total annual GPP and NEE of the entire region and total annual fluxes 412 for each PFT (Figure 6 ). Total annual GPP over the ChEAS region was estimated to be 120. shrublands, and herbaceous wetlands) accounted for 10.9% of the regional GPP. The regional 416 annual NEE was estimated to be -9.8 Tg C yr -1 . Similar to annual GPP, annual NEE also varied 417 substantially with PFT. Deciduous forests had the highest net carbon uptake, followed by 418 shrublands and evergreen forests. 419
To examine the impacts of land cover representation on regional flux estimates, we also 420 produced regional estimates of carbon fluxes over the period 2001-2007 using 1km-NLCD and 421 1km-MODIS to specify the PFT of each cell. The differences in land cover representation among 422 these land cover maps resulted in significant differences in regional flux estimates (Figure 6 ). 423
The carbon fluxes integrated over the region based on 1km-NLCD were different from those 424 from 30m-NLCD (Figure 6 ). For deciduous forests, for example, annual GPP of 1km-NLCD wasNLCD was 36.7% higher than that of 30m-NLCD. Integrated across all PFTs over the region, 427 1km-NLCD led to significantly higher annual GPP (11.3%) and NEE (23.9% in absolute 428 magnitude) than 30m-NLCD. 429
The carbon fluxes integrated over the region based on 1km-MODIS were substantially 430 different from those from the NLCD land cover maps (Figure 6 ). For deciduous forests, the 431 annual GPP based on 1km-MODIS was 51.2% and 33.6% lower than those of 30m-NLCD and 432 1km-NLCD, respectively; the annual NEE based on 1km-MODIS was 46.5% and 26.8% lower 433 than those of 30m-NLCD and 1km-NLCD, respectively. For mixed forests, annual GPP resulting 434 from 1km-MODIS was 31.0 Tg C yr -1 , while the annual GPP based on 30m-NLCD and 1km-435 NLCD were only 5.1 and 2.0 Tg C yr -1 , respectively. Integrated across PFTs over the region, the 436 annual GPP based on 1km-MODIS was 41.9% and 35.5% lower than those of 30m-NLCD and 437 1km-NLCD, respectively; the annual NEE of 1km-MODIS was 61.9% and 71.0% lower than 438 those of 30m-NLCD and 1km-NLCD, respectively. 439
We also examined the impacts of parameter variability on regional flux estimates for 440 evergreen forests, deciduous forests, and mixed forests (Figure 7) by conducting model runs 441 using parameter sets resulting from leave-one-out model optimizations (Table 4) estimates. Ideally, observations from multiple sites encompassing a range of site conditions (e.g., 500
stand age, disturbance history, and aboveground biomass) should be used for parameter 501 estimation of a given PFT. 502
The five factors controlling R e such as biomass and soil carbon can vary substantially 503 within a PFT. To account for the spatial variability of R e within PFTs, we introduced 504 aboveground biomass into the model. R e consists of autotrophic respiration (R a ) and 505 heterotrophic respiration (R h ). R a can be empirically modeled as a function of air temperature 506 and tissue carbon (foliage, stem, roots), while R h is often modeled as a function of substrate 507 availability. For instance, maintenance respiration is modeled as a direct function of plant 508 biomass while R h is a function of soil carbon storage in TEM [Tian et al., 1999; Xiao et al., 509 2009]. For forest ecosystems, aboveground biomass is also significantly related to stand age. 510 Thus, our model can partly account for the variability of biomass and disturbance history within 511 a PFT. 512
Aboveground biomass, however, cannot account for the sizes of soil carbon pools and 513 litterfall. Our results show that the inclusion of stand age significantly improves the performance 514 of the model for estimating NEE for evergreen forests and deciduous forests. Thus the addition 515 of stand age can improve the estimation of R e and thus NEE. However, the modified model withstand age included for forested sites was not used to produce regional flux estimates because 517 there is no spatially explicit information on stand age available for the ChEAS region. The 518 development of regional stand age maps and their incorporation into modeling are expected to 519 improve regional flux estimates. 520
Influence of Parameter Variability and Land Cover Representation on Regional Flux 521
Estimates 522 estimates; for a given PFT, observations from multiple sites should be used for the 536 parameterization and optimization of ecosystem models to minimize the uncertainty of parameter 537 variability on flux estimates. There are currently over 500 eddy flux towers over the globe, and 538 these sites encompass a large range of ecosystem and climate types. The availability of fluxobservations from these sites makes it possible to examine the variability of parameters within 540 and across PFTs over broader spatial domains or other geographical regions. 541
Our results show that land cover representation including land cover heterogeneity and 542 the spatial resolution and accuracy of land cover maps can result in large uncertainties in 543 regional flux estimates in heterogeneous regions, although such uncertainties could be much 544 smaller in more homogeneous regions [Quaife et al., 2008] . The aggregation of 30m NLCD data 545 to 1km spatial resolution results in the subgrid representation of PFT fractions within each 1km 546 grid cell. The differences in regional fluxes obtained using these two land cover maps were 547 substantial, demonstrating that land cover heterogeneity and the spatial resolution of land over 548 maps can result in significant uncertainty to flux estimates. The MODIS land cover is based on 549 moderate-resolution MODIS data, and cannot capture the spatial details and resolve the 550 proportions of PFTs within each grid cell. Compared to NLCD land cover maps, the MODIS 551 land cover map also fail to detect the substantial presence of wetlands that are ecologically 552 distinct from upland forest ecosystems. In addition, 1km-MODIS is based on a global 553 classification algorithm, while 30m-NLCD is based on 30m Landsat data and regional training 554 sites. NLCD land cover maps, therefore, are likely to have higher classification accuracy than 555 1km-MODIS. The considerable differences in regional flux estimates based on the NLCD and 556
MODIS land cover maps demonstrate that regional flux estimates can be significantly affected 557 by the accuracy of land cover maps and land cover heterogeneity. Our results also imply that 558 intercomparison studies of different ecosystem models should consider the differences in the 559 underlying land cover maps. Ideally, the same land cover map with the same spatial resolution 560
should be used for model intercomparison studies. 
Conclusions 573
We used eddy flux observations and a data assimilation approach to estimate the 574 parameters of the simple Diagnostic Carbon Flux Model (DCFM) and examined the influence of 575 parameter variability and land cover representation on regional flux estimates. Our results show 576 that some model parameters vary not only across PFTs but also within a given PFT. The within-577 PFT variability in parameters indicates that it is inadequate to use data from a single site to 578 estimate the parameters of a given PFT for regional applications, and multiple sites 579 encompassing a full range of site conditions (e.g., stand age, disturbance history, and climate) 580 should be used. Our results show that parameter variability can result in substantial variability in 581 regional flux estimates. Our results also demonstrate that land cover representation including 582 land cover heterogeneity and the spatial resolution and accuracy of land cover maps can 583 introduce considerable uncertainty to regional flux estimates. In heterogeneous, complex regions, 584 detailed land-cover maps are essential for accurate estimation of regional carbon fluxes. 585 Hilton for assistance with data assimilation and A. Desai for helpful discussion. We also thank J. 
